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Abstract
Cassava (Manihot esculenta Crantz) is a clonally propagated 
staple food crop in the tropics. Genomic selection (GS) has been 
implemented at three breeding institutions in Africa to reduce 
cycle times. Initial studies provided promising estimates of predic-
tive abilities. Here, we expand on previous analyses by assess-
ing the accuracy of seven prediction models for seven traits in 
three prediction scenarios: cross-validation within populations, 
cross-population prediction and cross-generation prediction. We 
also evaluated the impact of increasing the training population 
(TP) size by phenotyping progenies selected either at random 
or with a genetic algorithm. Cross-validation results were mostly 
consistent across programs, with nonadditive models predicting 
of 10% better on average. Cross-population accuracy was gener-
ally low (mean = 0.18) but prediction of cassava mosaic disease 
increased up to 57% in one Nigerian population when data from 
another related population were combined. Accuracy across 
generations was poorer than within-generation accuracy, as ex-
pected, but accuracy for dry matter content and mosaic disease 
severity should be sufficient for rapid-cycling GS. Selection of a 
prediction model made some difference across generations, but 
increasing TP size was more important. With a genetic algorithm, 
selection of one-third of progeny could achieve an accuracy 
equivalent to phenotyping all progeny. We are in the early stages 
of GS for this crop but the results are promising for some traits. 
General guidelines that are emerging are that TPs need to contin-
ue to grow but phenotyping can be done on a cleverly selected 
subset of individuals, reducing the overall phenotyping burden.
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Fig. 1. Schematic of a conventional cassava breeding cycle. Arrows between trials indicate the selection of materials for further pheno-
typing trials. Red arrows indicate the selection of materials as parents for crossing.














































matrix	Zblock(range)	effects	vector	 ( )s2~ N 0, bb I .	Finally,	the	
residuals	 e 	were	random,	with	 ( )ee s2~ N 0,I .
The	model	for	NRCRI	was:	
( ) ( ) ( )= b+ + + + +ey .	 	 c s r bclone set loc year rep set block repX Z Z Z Z ,	[2]
where	Zset	was	the	incidence	matrix	corresponding	to	
the	random	effect	for	the	planting	group	(see	above),	
which	was	nested	in	location–year,	with	 ( )s2~ N 0, ss I .	
Replication	effects	were	nested	in	sets	and	treated	as	
random	with	the	incidence	matrix	Zrep(set)	and	the	effects	
vector	 ( )s2~ N 0, rr I .	Blocks	were	nested	in	replications,	
treated	as	random,	and	represented	by	the	design	matrix	






Fig. 2. Schematic of International Institute of Tropical Agriculture (IITA) genomic selection, 2012–2015. Three generations of the IITA 
genomic selection program are illustrated here. From the genetic gain (GG) population, 85 parents were selected and crosses over 2 
yr (‘TMS13F’ in 2012–2013 and ‘TMS14F’ in 2013–2014) gave rise to 2890 Cycle 1 (C1) progeny. Predictions based on data from the 
GG were used to select 89 parents from among C1 in 2013, giving rise to 1648 Cycle 2 (C2) progeny in 2014. The GG were clonally 
evaluated in 2013–2014 and 2014–2015. The ‘TMS13’ C1 progeny were evaluated in 2013–2014 and 2014–2015. The ‘TMS14’ C1 
progeny were evaluated with the C2 progeny in 2014–2015.
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were	made	with	the	function	emmreml	in	the	R	package	
EMMREML	(Akdemir	and	Okeke,	2015).



















































































Comparison of Models Based  































































































































































































































































































































































































































































































































































































































































































































































Table 2. Summary of cross-validated predictive accura-
cies by prediction model, trait, and breeding program. 
The highest predictive accuracy across methods within a 













NRCRI 0.12 0.12 0.11 0.12 0.10 0.18 0.15 0.13
DM NaCRRI 0.29 0.29 0.30 0.29 0.30 0.33 0.34 0.31
GG 0.67 0.67 0.67 0.68† 0.67 0.67 0.63 0.66
NRCRI 0.27 0.26 0.27 0.24 0.27 0.30 0.31 0.27
HI NaCRRI 0.46 0.45 0.45 0.45 0.45 0.48† 0.47 0.46
GG 0.37 0.39 0.39 0.40 0.39 0.41 0.39 0.39
NRCRI 0.23 0.22 0.23 0.24 0.22 0.32 0.34 0.26
RTWT NaCRRI 0.31 0.30 0.30 0.29 0.31 0.37† 0.35 0.31
GG 0.31 0.31 0.33 0.33 0.32 0.33 0.34 0.33
NRCRI 0.19 0.18 0.18 0.19 0.18 0.21 0.20 0.19
RTNO NaCRRI 0.35 0.34 0.34 0.30 0.35 0.39† 0.36 0.34
GG 0.33 0.33 0.34 0.35 0.35 0.34 0.35 0.34
NRCRI 0.18 0.19 0.19 0.19 0.17 0.25 0.24 0.20
SHTWT NaCRRI 0.21 0.22 0.22 0.18 0.24 0.26 0.25 0.23
GG 0.31 0.32 0.32 0.33† 0.32 0.33† 0.29 0.31
NRCRI 0.23 0.22 0.20 0.21 0.19 0.24 0.29 0.23
MCMDS NaCRRI 0.50 0.50 0.42 0.41 0.40 0.45 0.48 0.45
GG 0.58 0.60† 0.57 0.56 0.56 0.57 0.60† 0.57
NRCRI -0.03 -0.02-0.02 -0.03 -0.02 -0.03 -0.03 -0.02
VIGOR NaCRRI 0.35 0.34 0.34 0.34 0.35 0.38† 0.38† 0.34
GG 0.23 0.23 0.24 0.24 0.23 0.22 0.18 0.22
Mean 0.31 0.31 0.30 0.30 0.30 0.33 0.33
† The highest predictive accuracy within a trait across breeding programs.
‡ BL, Bayesian Lasso; GBLUP, genomic best linear unbiased prediction; RKHS, reproducing kernel 
Hilbert spaces; GG, International Institute of Tropical Agriculture Genetic Gain germplasm collection; 
NRCRI, National Root Crops Research Institute; NaCRRI, National Crops Resources Research Institute; 
DM, dry matter content; HI, harvest index; RTWT, root weight; RTNO, root number; SHTWT, shoot 
weight; MCMDS, mean cassava mosaic disease severity; VIGOR, early plant vigor.
Table 1. Summary and comparison of phenotype and 




NRCRI NaCRRIAll IITA GG C1 C2
VIGOR 0.25 0.25 0.31 0.19 0.06 0.15
MCMDS 0.69 0.60 0.86 0.25 0.44 0.62
DM 0.49 0.59 0.62 0.51 0.01 0.14
HI 0.57 0.36 0.62 0.55 0.12 0.36
RTWT 0.31 0.10 0.36 0.00 0.10 0.27
RTNO 0.24 0.09 0.26 0.00 0.06 0.22
SHTWT 0.22 0.14 0.21 0.00 0.13 0.25
No. Clones 5247 709 2890 1648 899 411
Raw data points 8501 2924 3875 1702 2391 7662
Genetic diversity statistics
Mean Inbreeding Coefficient† 0.933 0.965 0.949 0.946 0.954
Std Dev. Kinship Coefficient‡ 0.080 0.089 0.092 0.080 0.118
MAF > 1% 76137 73096 70010 78212 75923
Median (MAF) 0.009 0.0067 0.0047 0.01 0.01
Mean Heterozygosity§ 0.16 0.15 0.17 0.15 0.15
Max. Heterozygosity 0.29 0.27 0.28 0.26 0.24
Min. Heterozygosity 0.07 0.07 0.10 0.07 0.08
Mean (MAF) 0.056 0.054 0.056 0.055 0.054





GG vs. NR 0.008 GG vs. C1 0.010
GG vs. UG 0.019 GG vs. C2 0.020
NR vs. UG 0.021 C1 vs. C2 0.014
† Mean of the diagonal of the genomic relationship matrix.
‡ Off-diagonal of the genomic relationship matrix.
§ Heterozygosity per individual per dataset.
¶ IITA, International Institute of Tropical Agriculture; GG, IITA Genetic Gain germplasm collection; C1, 
IITA Cycle 1; C2, IITA Cycle 2; NR, National Root Crops Research Institute (NRCRI); UG, National Crops 
Resources Research Institute (NaCRRI); DM, dry matter content; HI, harvest index; RTWT, root weight; 
RTNO, root number; SHTWT, shoot weight; MCMDS, mean cassava mosaic disease severity; VIGOR, 
early plant vigor;MAF, minor allele frequency.



























































Fig. 4. Hierarchical clustering of genomic prediction models based on cross-validated genomic estimated breeding values (GEBVs). 
Height on the y-axis refers to the value of the dissimilarity criterion. (A) Clustering of prediction models in the National Root Crops 
Research Institute (NRCRI) population. (B) Clustering of prediction models in the National Crops Resources Research Institute (NaCRRI) 
population. (C) Clustering of prediction models in the Genetic Gain (GG) population. GBLUP, genomic best linear unbiased predictor; 
BL, Bayesian Lasso; RF, random forest; RKHS, reproducing kernel Hilbert spaces multikernel model.
























































Table 3. Summary of mean genomic best linear unbiased prediction (GBLUP) cross-validated predictive accuracies 
across populations. Four subset selection methods (random vs. STPGA) and the full set were considered. The high-
est predictive accuracy across subsets and the full set is indicated in bold.
Train Test Trait
300 600 900 1200
Full CVGBLUP†STPGA Random STPGA Random STPGA Random STPGA Random
NR + GG UG VIGOR 0.199 0.083 0.182 0.102 0.221 0.152 0.200 0.174 0.193 0.353
NR + GG UG MCMDS 0.293 0.224 0.284 0.264 0.262 0.279 0.284 0.291 0.285 0.404
NR + GG UG DM 0.272 0.209 0.282 0.227 0.258 0.254 0.252 0.272 0.284 0.296
NR + GG UG HI 0.294 0.176 0.278 0.230 0.266 0.215 0.228 0.214 0.206 0.454
NR + GG UG RTWT 0.155 0.072 0.165 0.124 0.181 0.156 0.179 0.174 0.193 0.314
NR + GG UG RTNO 0.149 0.068 0.171 0.151 0.175 0.167 0.195 0.190 0.206 0.348
NR + GG UG SHTWT -0.014 0.059 0.042 0.075 0.027 0.066 0.037 0.071 0.075 0.244
UG + NR GG VIGOR -0.011 0.054 0.032 0.049 0.050 0.061 – – 0.060 0.231
UG + NR GG MCMDS 0.374 0.325 0.377 0.341 0.372 0.374 – – 0.382 0.558
UG + NR GG DM 0.216 0.173 0.221 0.212 0.235 0.238 – – 0.244 0.666
UG + NR GG HI 0.261 0.210 0.252 0.204 0.222 0.213 – – 0.215 0.386
UG + NR GG RTWT 0.079 0.077 0.095 0.073 0.084 0.061 – – 0.063 0.320
UG + NR GG RTNO 0.132 0.096 0.130 0.110 0.113 0.097 – – 0.099 0.345
UG + NR GG SHTWT 0.154 0.110 0.163 0.160 0.145 0.156 – – 0.162 0.321
GG + UG NR VIGOR 0.054 -0.003 0.029 0.003 0.039 0.014 0.017 0.011 0.016 -0.024
GG + UG NR MCMDS 0.193 0.138 0.186 0.154 0.189 0.190 0.193 0.188 0.213 0.188
GG + UG NR DM 0.116 0.110 0.151 0.142 0.166 0.155 0.168 0.167 0.184 0.104
GG + UG NR HI 0.149 0.122 0.157 0.145 0.151 0.151 0.164 0.155 0.181 0.271
GG + UG NR RTWT 0.080 0.070 0.120 0.048 0.099 0.058 0.096 0.071 0.082 0.220
GG + UG NR RTNO 0.074 0.064 0.066 0.051 0.041 0.054 0.040 0.053 0.053 0.180
GG + UG NR SHTWT 0.094 0.089 0.107 0.088 0.107 0.099 0.112 0.106 0.119 0.169
† CVGBLUP = cross-validation GBLUP within the test population; GG, International Institute of Tropical Agriculture Genetic Gain germplasm collection; NR, National Root Crops Research Institute; UG, National Crops 
Resources Research Institute; DM, dry matter content; HI, harvest index; RTWT, root weight; RTNO, root number; SHTWT, shoot weight; MCMDS, mean cassava mosaic disease severity; VIGOR, early plant vigor.




















































Fig. 5. Plot of cross-generation prediction accuracies. Seven genomic prediction methods were tested for seven traits (panels). For each 
model (colors, x-axis within panels), four predictions were made: Genetic Gain (GG) predicting Cycle 1 (C1), GG predicting (Cycle 2) 
C2, C1 predicting C2, and GG + C1 predicting C2, indicated by shapes. All data are from the International Institute for Tropical Agri-
culture (IITA) genomic selection program. DM, dry matter content; HI, harvest index; RTWT, root weight; RTNO, root number; SHTWT, 
shoot weight; MCMDS, mean cassava mosaic disease severity; VIGOR, early plant vigor.













































Fig. 6. The relationship between training set size and the accuracy of predicting the International Institute for Tropical Agriculture Cycle 
2 (C2) (across generations). The accuracy of prediction for seven traits (panels) with the IITA Genetic Gain (GG) population training 
data plus data from different sized subsets (x-axis) of their progeny, Cycle 1 (C1) is shown. Subsets of a given size were selected either 
at random or with the genetic algorithm implemented in the R package STPGA. Ten random and 10 STPGA-selected subsets were 
made for each training set size. Error bars are the SE around the mean for the ten samples. Horizontal black lines show the mean cross-
validation accuracy for C2 (validation set; solid line) and the accuracy of the full set of GG + C1 predicting C2 (dashed line). DM, dry 
matter content; HI, harvest index; RTWT, root weight; RTNO, root number; SHTWT, shoot weight; MCMDS, mean cassava mosaic dis-
ease severity; VIGOR, early plant vigor.














































Fig. 7. The relationship between training set size and the accuracy of predicting the parents of Cycle 2 (C2) [from Cycle 1 (C1), within-
generation). The accuracy of the predictions for seven traits (panels) with the International Institute for Tropical Agriculture Genetic Gain 
(GG) population training data plus data from different sized subsets (x-axis) of their progeny, Cycle 1 is shown. Subsets of a given 
size were selected either at random or with the genetic algorithm implemented in the R package STPGA. Ten random and 10 STPGA-
selected subsets were made for each training set size. Error bars are the SE around the mean for the 10 samples. Horizontal black lines 
show the mean cross-validation accuracy for C1 (validation set; solid line) and the accuracy of the full set of GG + C1 predicting the 
parents of C2 (dashed line). DM, dry matter content; HI, harvest index; RTWT, root weight; RTNO, root number; SHTWT, shoot weight; 
MCMDS, mean cassava mosaic disease severity; VIGOR, early plant vigor.
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